Text sentiment analysis is one of the most important tasks in the field of public opinion monitoring, service evaluation and satisfaction analysis under network environments. Compared with the traditional Natural Language Processing analysis tools, convolution neural networks can automatically learn useful features from sentences and improve the performance of the affective analysis model. However, the original convolution neural network model ignores sentence structure information which is very important for text sentiment analysis. In this paper, we add piecewise pooling to the convolution neural network, which allows the model to obtain the sentence structure. And the main features of different sentences are extracted to analyze the emotional tendencies of the text. At the same time, the user's feedback involves many different fields, and there is less labeled data. In order to alleviate the sparsity of the data, this paper also uses the generative adversarial network to make common feature extractions, so that the model can obtain the common features associated with emotions in different fields, and improves the model's Generalization ability with less training data. Experiments on different datasets demonstrate the effectiveness of this method.
Emotional analysis model based on convolutional neural network
The model mainly consists of two parts. The first part is the feature extraction operation, which consists of two steps: convolution and pooling. The second part is the emotion classifier. The following is a description of each component separately.
Convolution operation
A standard convolutional neural network usually consists of a Convolution Layer and a Pooling Layer. Unlike the input of image processing, which is composed of image pixels, in natural language processing tasks, a matrix is usually used to represent a sentence or a paragraph as an input. Each line of the matrix represents a language token, which can be a character or a word. In the model presented in this paper, each row of the input matrix is a vectorized representation of a linguistic symbol. In image processing, the Convolution Kernel of the convolutional layer usually slides over all parts of the image, while in natural language processing the convolution kernel slides only in the direction of text expansion. That is, the width of the input matrix (the dimension of the word vector) coincides with the width of the convolution kernel. Assuming that the height of the convolution kernel is w , and the width and word vector dimensions are both d , the convolution kernel can be represented as a matrix W ∈ R w×d . Let the vectorization of the i th language symbol in the input be represented as s i , and the input text can be represented by the matrix formula S = (s T 1 , s T 2 , · · · , s T |s| ) . Then the convolution operation can be expressed as follows:
1 ≤ j ≤ |S| − w + 1 , c j is a feature value extracted by the convolution operation between the word j and the word in the window of convolution kernel.
The effective features obtained by feature extraction of text by a convolution kernel are not comprehensive. In order to be able to extract more abundant information from text, a number of different convolution kernels are usually used, which can be expressed as a three-dimensional tensorŴ = {W 1 , W 2 , · · · , W n } . The convolution operation of the convolutional layer can be expressed as follows:
1 ≤ i ≤ n , The input text is subjected to the i − th convolution kernel convolution operation to obtain the feature vector c i = {c i,1 , c i,2 , · · · , c i,|S|−w+1 } , Then all convolution kernels can get a total of n feature vectors, also known as Feature Map.
Sentiment classifier based on dropout algorithm and softmax classifier
The feature vector extracted by the convolution kernel still has many eigenvalues. If the feature analyzer is used directly to train the sentiment analyzer, the number of parameters that need to be optimized is still very large, and the model training is difficult and easily susceptible to overfitting. The pooling operation can further select features, effectively reduce parameters, and select some features that are most suitable for sentiment analysis as the final features of the sentiment analyzer.
The pooling layer compresses the input feature map, which can simplify the network computation complexity; on the other hand, the pooling operation can extract the main features. The essence of the pooling operation is sampling; which extracts features of the text from a sentence-level or higher-level text representation consisting of a vector representation of words. For different input texts, even when some of the expressions associated with the sentiment analysis of the current domain change, the output after the pooling operation is constant, which can enhance the robustness of the convolutional neural network. There is a certain anti-disturbance effect. Because the model uses a maximum pooling operation in the local neighborhood, the model can obtain the maximum degree of translational invariance of the text features. This feature is very important for sentiment analysis models because the model can effectively extract strong emotional features from the text. These features are in different positions in the text, and the pooling layer can select the most relevant features from the feature map through the pooling operation [10] . For the feature vector c i obtained by the input text S through the i th convolution kernel, the maximum pooling operation can be expressed by the following formula:
Before the pooling layer, the feature vector obtained by the convolution kernel is connected to the pooling layer through a nonlinear mapping layer. Then Formula 3 can be rewritten as follows:ĉ
f represents a nonlinear mapping function. At this time, the neural network of the feature extraction operation section can be represented as shown by the convolution and pooling layers in Figure 1 . The resulting feature vector is p S = [p 1 , p 2 , · · · , p n ] .
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Pooling operations
The output obtained by the convolution operation and the pooling operation represents the advanced features of the original input text. In order to get the final sentiment analysis result, these features need to be input into the classifier through the fully connected layer for emotional tendency classification.
As shown in Figure 1 , after the features of the text are extracted by the convolutional neural network, the feature vectors are input to the softmax classifier for classification. This article uses the dropout method to connect feature vectors with the softmax classifier. The input data of the neural network is randomly connected to the neurons of the next layer according to a preset proportional parameter ρ . In the convolutional neural network of this paper, the pooled feature vector is set to 0. Therefore, in the subsequent calculation process, only other elements that are not set to 0 participate in the operation to obtain the output of the network. The specific process of parameter update is as follows: First, the pooled feature vector is set to 0 according to the ratio ρ , and the element without 0 participates in the operation of the softmax classifier and obtains the gradient-optimized neural network outputting the neural network parameters. Then, the input vectors of all the samples in the sample set are sequentially accepted, and the connection of the input elements is randomly set to 0 in the same manner, and the elements participating in the training are selected until all the samples are used by the neural network to train the model parameters. Each time a sample is entered, the probability that the input element is set to 0 is ρ , so each time the input element of the participating operation is connected differently, the updated network weight parameters are also different. When using neural networks for prediction, it is necessary to multiply the parameters of the entire network by 1 − ρ to obtain the final classifier network parameters. Assuming that the eigenvector obtained by the convolution and pooling operations of the input text S is p S , the way the dropout algorithm sets its element to 0 can be represented by the Bernoulli distribution B . First, use the Bernoulli distribution to generate a binary vector of the same dimension as c (the element takes only 0 or 1) r , ie r ∼ B(ρ) , and then do the Hadamard product with the eigenvector. The vector that is ultimately entered into the classifier can be expressed as:
Set the network parameter W e of the softmax classification layer, and the bias term is b e ,then the neural network output can be expressed as:
Where f is the activation function. Then the probability that the entered text sentiment tends to i is:
where θ represents all parameters of the neural network, o i represents the value of the i -th item of the output vector, and N represents the number of categories of the text. Let the sample set be expressed as Ω , then the model's optimization objective function can be calculated by the following formula.
Where λ is the parameter of the regularization term. In the actual experiment, the traditional convolutional neural network uses the stochastic gradient descent method to optimize the objective function. The update method of the parameter θ is:
α is the learning rate.
Piecewise pooling based convolutional neural network sentiment classification model
There is a deficiency in the process of extracting text features using the sentiment analysis model based on a traditional convolutional neural network. Regardless of whether or not the texts or Chinese, English or other natural language texts, the sentences have a certain structure, and traditional convolutional neural networks ignore the structural features of these sentences. As shown in Figure 2 , both Chinese and English sentences can contain grammatical structures such as a subject, predicate and object. While existing deep learning method has difficulty parsing sentences, modeling the sentence structures will make the calculation process more complicated. However, if the simulation of grammatical structures can be added to network structures, the learning of sentence features will be significantly improved. Traditional maximum pooling extracts a maximum value from the features of a convolution kernel convolution, and does not make any distinguish between the grammatical elements of sentences. In response to this problem, this paper proposes the use of Sentiment Analysis Method based on Piecewise Convolutional Neural Network and Generative Adversarial Network 13
Piecewise Pooling strategy for sentiment analysis. The piecewise pooling strategy divides the feature vector of a sentence into segments and performs maximum pooling operations on each segment. By segmenting the different grammatical structural components in a sentence, the segmented pooled feature vector can extract the features of the corresponding components in the sentence. The difference between segmented pooling and non-segmented pooling operations can be seen from the comparison in Figure 3 . The rest of the model is identical to the traditional convolutional neural network model described above, with the main difference being the pooling part. The feature vector c i obtained after the convolution kernel convolution operation is different from the original pooled layer pair by Single Max-Pooling. The model in this section uses Piecewise Max-Pooling. The convoluted feature vector is divided into m segments, that is, c i = (c i,1 , c i,2 , · · · , c i,m ) . For different segments, the maximum pooling operation is performed separately, and the piecewise pooling operation may be expressed as Equation 10 .
The piecewise pooling operation is performed on the feature vectors obtained by all convolution kernels, and then the feature vectors are nonlinearly transformed by the fully connected layer to obtain the feature vector of the input text, namely:
Multi-domain common sentiment feature extraction based on generative adversarial networks
Although the piecewise convolution neural network can effectively analyze the emotional tendency of the text, in order to make the neural network fully trained, the generalization of the network parameters is good enough, and more annotation data is needed. However, in each segment, there is relatively little data to be labeled, and data sparseness makes network training more difficult. Therefore, this paper proposes to use the generated adversarial network to extract common features related to emotions in different fields to alleviate the above problems.
The shared private model separates the feature space into shared and private spaces, but there is no guarantee that shared features cannot exist in the private feature space, and vice Introduction for generative adversarial network First, We give a brief introduction to the generative adversarial network (GAN), generated by the Goodfellow et al. [3] was proposed in 2014, and quickly received extensive attention from the academic and industrial circles. The goal of GAN is to learn a generator distribution P G (x) that is fully matched to the real data distribution P data (X) . Specifically, the GAN learns P G (x) by training a generation network G and a discrimination network D, wherein G is a sample generated from the distribution P G (x) to generate forged samples, and attempts to make the discrimination network unable to distinguish the forged samples from the real samples. ;D determines whether the sample is from P G (x) or P data (X) , trying to distinguish the forged sample from the real sample. The two games are mutually optimized and alternately optimized. When the discriminator reaches the Nash equilibrium, that is, the discriminator cannot distinguish the forged sample from the real sample, the obtained P G (x) is consistent with P data (X) . This minimum-maximum game can be optimized by the following risks:
Due to the role of the discriminator, the sample generated by the generator is forced to approach the true distribution of the data progressively and unbiased. If the generator produces a sample distribution that perfectly matches the real data distribution, the discriminator will not be able to tell whether the input is from real data or a sample generated by the generator network, giving a probability value of 0.5 for all inputs, which is the Nash equilibrium. Although GAN was originally proposed for the generation of random samples, GAN can be used as a general tool for measuring the equivalence between distributions [11] , which can be used for feature extraction.
Multi-domain common sentiment feature extraction GAN convolutional neural network extract features from the input text. The features extracted by the shared convolutional neural network are input into the discriminator network, trying to make the discriminator unable to distinguish which subdivision from which the feature comes from, and the discriminator tries to distinguish the features of different domains. Then, the extracted common features and the private features extracted by the piecewise domain are spliced as a feature to the accurate prediction of the text sentiment tendency in the sentiment orientation analyzer. This kind of adversarial training encourages the sharing space to be purer, ensures that the shared representation is not polluted, and can well preserve the common emotional features of different fields and eliminate the private emotional characteristics of the segment. The domain discriminator network is used to map the shared representation of the sentence into a probability distribution and estimate which fields the encoded sentence comes from.
U is a learnable parameter and b is the bias. In order to train the discriminator network, the parametric loss L adv is used to optimize the parameters of the network to prevent the private sentiment features related to the emotional tendency of the specific domain from spreading to the shared sentiment orientation feature space. The counter-loss is used to train the model to extract common sentiment features in different domain texts so that the discriminator network cannot reliably predict which category of the currently entered text belongs to base on these features. The original form discriminator of GAN can only be used in the case of two classifications. In order to overcome this problem, this paper extends its s to multiple types of forms, so that the model of this paper can train sentiment analyzers in multiple fields together. The objective function against the network can be expressed as follows:
d k i indicates the domain tag to which the currently input text belongs. The basic idea is that, given a sentence, the shared convolutional neural network extracts a representation of an eigenvector misleading discriminator network. At the same time, the discriminator tries to classify the field of the input text correctly. After training, the shared sentiment feature extractor network and the discriminator network reach the Nash balance, and the discriminator cannot distinguish which domain these common features come from. The common feature extractor model can represent Figure 4 .
Finally, the loss function of the sentiment analysis method model of PCNN and GAN proposed in this paper can be expressed as follows:
λ is a hyperparameter for balance sentiment analysis loss and adversarial loss.
3 Experiment settings
Data sets
Three data sets were used primarily in the experiment. The first is the Chinese Hotel Data Collection (Ctrip Hotel for short), which was compiled by Tan Songbo from the Insti-tute of Computing Technology of the Chinese Academy of Sciences and is a commentary on the service of large-scale customers. The corpus was automatically collected from the Ctrip (http://hotels.ctrip.com/) and then organized. The corpus size is 10,000, including 7000 positive evaluation samples and 3,000 negative evaluation samples. The second data set is the English data set, from Stanford University's emotional tree library, which labels the emotional polarity of each phrase in the sentence and the entire sentence. In this paper, only the emotional polarity of the sentence is extracted and classified. The data set contains a total of 11,855 sentences, including training sets, validation sets, and test sets containing 8544, 1101, and 2210 samples, respectively. The emotional polarity of each sentence is in the range of [0,1]. The smaller the score, the more the emotion tends to be negative. Otherwise, the emotion tends to be positive. The emotional scores of all sentences in the data set are manually labeled and then averaged. It has a good reliability. According to the distribution of the emotional scores of the dataset and its data description, the sample with the sample score between [0, 0.5) is first divided into negative samples, and the sample score is divided into positive emotions between [0.5, 1]. This is a coarser-grained sentiment analysis. .In order to make the experiment closer to a real production environment, and to verify the effectiveness of the sentiment analysis method of PCNN and GAN proposed in this paper, this paper uses the third data set. It is the review text (Dianping for short) from different fields that we crawled from the public service website (http://www.dianping.com/). Its data includes six segments of food, hotels, movies, entertainment, marriage, home improvement, and the comments are divided into different emotional tendencies based on the scoring information in the comments. This paper selects 30,000 reviews as the training set and 10,000 as the test set.
Data pre-processing
For the Chinese data set, the Chinese word piecewise package NLPIR developed by the Chinese Academy of Sciences is first used for Chinese word piecewise. Since the experiment in this article has a Chinese data set, you need to call the package participle. The English data itself contains independent words, so there is no need for word piecewise. Since the minibatch training model is used during training (multiple samples are learned at a time, and the text length of multiple samples may be different), so the length of the text needs to be fixed-length. Since the length of the natural language text is inconsistent, the longest sentence length l _ max is first calculated. For sentences with a sentence length less than l _ max, the text is uniformly filled with the < \s > symbol to the length l _ max (the vector of < \s > is always set to 0), this will unify the text length. The purpose of this approach is to improve computational efficiency, and when the length of the data is uniform, the computational time overhead can be effectively reduced. At the same time, in order to ensure the features are extracted at the beginning and the end of the text during the convolution process, a certain number of < \s > corresponding to the convolution kernel should be added at the beginning and end of the longest text as Padding.
Pre-training of word embedding
Word embedding is required before training of the model. Word embedding acts as a distributed representation of words as an input suitable for neural networks. Many current studies have shown that executing word embedding pre-training on a large-scale corpus, and then applying the obtained word embedding to subsequent training, can speed up the convergence of neural network models and achieve a better local optimal solution. In this paper, the word2vec algorithm is used to pre-train word embedding. The word embedding of this algorithm shows better performance in many natural language processing tasks, and has higher efficiency. This
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Setting of experimental parameters
In the training optimization process of the model, we use the Adam optimizer to train and optimize the model. The parameter settings of the optimizer adopt the recommended parameter values. In this paper, the model mainly has the following hyperparameters: the dimension d of the word vector, the number n of convolution kernels, the ratio ρ of the Dropout algorithm, and the piecewise number t of the piecewise pooling in the piecewise convolutional neural network. In order to obtain the optimal hyperparameter setting, this paper uses grid-search to determine the value of some hyperparameters. The word embedding dimension N selects a value from { 50, 100, 200, 300} ; the number n of convolution kernels takes a value in { 100, 150, 200 } . The ratio ρ of the Dropout algorithm is 0.5 based on experience. In the experiments in this paper, multiple experiments were performed using these parameters, and then the average of the results was obtained. The number of segments of the piecewise pooling was performed in this paper. The results were given in the analysis.
Results and analysis
In order to verify the effectiveness of the sentiment analysis method of the fusion piecewise convolution neural network and the generated adversarial network, the method of this paper is compared with some mainstream emotional analysis baseline methods. The parameter sensitivity experiment is carried out on the piecewise pooling segment number hyperparameters which are important to the performance of the model in the hyperparameters proposed in this paper, so as to find the more suitable parameter settings in the application scenario.
Comparison method
In order to verify the validity and correctness of the proposed model, this paper selects a model based on traditional methods and a neural network method such as RNTN proposed by Richard Socher et al. as a baseline method. The first method of comparison is the naive Bayesian method (NB for short) using the word bag feature. The second method is to use the word bag feature as input to perform emotion classification using a support vector machine (SVM for short) classifier. The third method is the naive Bayesian method (BiNB for short) of the bag feature obtained using the binary grammar language model. The fourth method is to use the average word vector of the sentence as the input feature and use the fully connected network the conventional method. Especially in the five-level sentiment analysis with finer granularity, the neural network method can obtain the key features of the text well. An important reason for the BiNB method to achieve better results is that the binary grammar model considers a certain combination of semantics, but with it is a large computational overhead. At the same time, unlike the method of cyclic neural networks, the use of maximum pooling in convolutional neural networks can automatically extract the features most relevant to sentiment analysis tasks, and has positive significance for text sentiment analysis tasks, so it has achieved good results. Traditional methods such as BiNB can only extract combined features from adjacent words, and traditional convolutional neural networks cannot model grammatical structures. The segmented convolutional neural network method has the best effect on both datasets because it simulates the grammatical structure information of the text, supplements the original emotional words, and extracts the combined semantic features of different positions.
In the Dianping data, the data comes from different fields. We compare the performance of different methods in this data to fully demonstrate the effectiveness of the proposed PCNN and GAN methods. It can be seen from Table 2 that the fusion segmented convolutional neural network and the sentiment analysis method of the generated adversarial network proposed in this paper have achieved the best results. The comments crawled from the Dianping contain different subdivisions. The comment text in each field is relatively small, and the comment text itself is relatively short. Therefore, samples in different fields have a certain degree of sample sparseness.
Sentiment Analysis Method based on Piecewise Convolutional
Neural Network and Generative Adversarial Network 19
This paper also reduces the number of samples in each field, making sparse data a more serious side-effect. It can be seen that all methods have performance degradation problems to varying degrees, but the method proposed in this paper still achieves good results. The stability of the proposed method in the case of multi-domain data sparseness is fully explained. In the piecewise convolutional neural network, a very important parameter is the piecewise pooling segment number. Since the piecewise is a simulation of the text's grammatical structure, the piecewise number determines the validity of the text structure information extraction. In this paper, the parameter sensitivity test is carried out on the three data sets for the number of segments. The results are shown in Figure 5 . It can be seen that a reasonable piecewise can better obtain the grammatical structure information of the text, and an excessively large number of segments destroys the structure of the sentence itself. The pooling operation cannot effectively extract the features most relevant to sentiment analysis, making the sentiment analysis effect worse. Therefore, it is very important to select the appropriate segment number to simulate the grammatical structure of the sentence. 
Conclusion
In this paper, we show the difficulty of maintaining optimality in different fields for traditional text sentiment analysis methods. Different methods have different applicability problems in different fields. The original convolutional neural network model ignores the sentence structure information that is very important for text sentiment analysis, and it is susceptible to overfitting. In this paper, the piecewise pooling strategy is adopted to enable the deep learningbased convolutional neural network model to model the sentence structure and segment the main features of different structures. It combines the structural information and domain information of the text to analyze the emotional tendency of the text; and uses the Dropout algorithm to enhance the generic ability of the model. At the same time, user feedback on services involves many different areas, with less data in each field. Less data makes the training of convolutional neural networks more difficult, and the parameters cannot be fully optimized, resulting in under-fitting of the model. Therefore, in the case that data volume expansion is more difficult, in order to alleviate the sparseness of data, this paper uses the generated adversarial network to extract common features of texts in different
